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Abstract
Purpose In research on the time to onset of sickness
absence and the duration of sickness absence episodes, Cox
proportional hazard models are in common use. However,
parametric models are to be preferred when time in itself is
considered as independent variable. This study compares
parametric hazard rate models for the onset of long-term
sickness absence and return to work.
Method Prospective cohort study on sickness absence
with four follow-up years of 53,830 employees working in
the private sector in the Netherlands. The time to onset of
long-term ([6 weeks) sickness absence and return to work
were modelled by parametric hazard rate models.
Results The exponential parametric model with a con-
stant hazard rate most accurately described the time to
onset of long-term sickness absence. Gompertz–Makeham
models with monotonically declining hazard rates best
described return to work.
Conclusions Parametric models offer more possibilities
than commonly used models for time-dependent processes
as sickness absence and return to work. However, the
advantages of parametric models above Cox models apply
mainly for return to work and less for onset of long-term
sickness absence.
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Introduction
Sickness absence is an important measure for general health
in the population. Long-term sickness absence is a predictor
of disability and mortality (Gjesdal and Bratberg 2002;
Kivima ¨ki et al. 2003) and imposes considerable costs to
both the employer and society as a whole (Henderson et al.
2005) An increase in sickness absence is associated with a
higher risk of unemployment and job termination (Virtanen
et al. 2006; Hesselius 2007; Koopmans et al. 2008).
Revealing characteristics of employees at risk of long-term
absence is important in order to reduce sickness absence,
work disability and unemployment. Occupational health
interventions may increase the probability of returning to
work and limit economic and social deprivation associated
with long-term absence. However, the impact of risk factors
or interventions may vary across different stages of the
sickness absence. Therefore it is important to gain insight
into the time process of return to work (Joling et al. 2006).
In research on time to onset of sickness absence and the
duration of sickness absence episodes, Cox proportional
hazards models are widely used (Cheadle et al. 1994;
Krause et al. 2001; Joling et al. 2006; Lund et al. 2006;
Christensen et al. 2007; Blank et al. 2008).
However, Cox proportional hazards models do not
address the shape of the baseline hazard. The hazard is the
risk of an event, for example the risk of onset of long-term
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the hazard function for the average individual in the sample.
In Cox models, the functional form of the baseline hazard is
not given, but is determined from the data. However, the
course of sickness absence and reintegration cannot be
understood without knowing the baseline hazard function.
One way to understand the baseline hazard function is to
specify it. For instance, it can be hypothesized that with
increasing absence duration the probability of returning to
work decreases in a certain pattern (Crook and Moldofsky
1994). Although Cox models leave the baseline hazard
unspeciﬁed, duration dependence can be imposed. For
instance, one may assume that the baseline hazard remains
constant in time or varies exponentially with time (see e.g.
Bender et al. 2005). However, parametric models are pre-
ferred when time in itself is considered a meaningful
independent variable and the researcher wants to be able to
describe the nature of time-dependence.
Different types of parametric models can be distin-
guished, depending on the type of time dependence of the
hazard rate (Blossfeld and Rohwer 2002), as shown in
Fig. 1. In exponential models, the hazard rate is assumed to
be constant. Weibull models assume a hazard function that
is a power function of duration. Log-logistic models permit
non-monotonic hazard functions in which hazard rates can
increase and then decrease or vice versa. Log-normal
models are quite similar to log-logistic models, though the
distribution of the error term is speciﬁed to be standard
normal. Gompertz–Makeham models assume the hazard
rate to be an exponential function of duration times.
The impact of risk factors or interventions may vary in
different stages of sickness absence (Krause et al. 2001).
When a researcher wants to investigate the effect of
covariates on sickness absence and assumes that the effect
of these covariates is different depending on the duration of
the absence episode, it is better to use parametric models.
Some parametric models have a level parameter and a
shape parameter, which is allowed to depend on covariates
and to vary between groups. The Cox model may include
time-dependent covariates. However, the change in
covariate value does not affect the shape of the hazard but
shifts the hazard to a different level. Also Cox models
consume more degrees of freedom than models with
parametric duration dependence. One degree of freedom is
calculated for every category used in the analysis. For
example, when 10 age categories are deﬁned, 10 degrees of
freedom are used, one for every baseline hazard. Para-
metric models only use a limited number of parameters and
a corresponding lower number of degrees of freedom.
Therefore parametric models are more parsimonious and
have more power as compared to Cox models.
The aim of this study was to investigate the time to onset
of long-term sickness absence and return to work after
long-term sickness absence by means of parametric hazard
rate models, in order to identify which model ﬁtted the data
best. Instead of modelling total sickness absence (e.g.
Joling et al. 2006), we choose to focus on long-term (i.e.
more than six consecutive weeks) sickness absence because
it has been reported that short term sickness absence is a
different construct affected by different factors (Allebeck
and Mastekaasa 2004).
Methods
Study design and population
The study population consisted of 53,830 employees of
three large and nationally spread Dutch companies in the
postal and telecommunications sector. Functions in these
companies included sorting and delivery of mail, (parcel)
transportation, call center and post ofﬁce tasks, telecom-
munication (e.g. mechanics, sales, IT), back-ofﬁce work,
and executive functions. The study design is described
elsewhere (Koopmans et al. 2008). Employees aged
55 years or older in the base year were excluded because of
possible bias due to senior regulations or early retirement.
The study population consisted of 37,955 men (mean age
41 years, SD = 8) and 15,875 women (mean age 39 years,
SD = 8). Sickness absence data were retrieved from the
occupational health department registry. Long-term sick-
ness absence was deﬁned as absence due to sickness for
more than six consecutive weeks. Sickness absence epi-
sodes between 1998 and 2001 were recorded. Overlapping
and duplicated absence episodes were corrected for. We
investigated the time to onset of the ﬁrst long-term sickness
absence and the duration of all long-term sickness absence
episodes. In case an employee had not suffered a long-term
absence before 31 December 2001 or before the end of the
employment period, the period was right censored. For the











Gompertz-Makeham (c < 0)
Fig. 1 Different parametric models for time-dependency of the
hazard rate
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123who had at least one long-term absence episode between
1998 and 2001 were used. Return to work was deﬁned as
resumption of the contracted work hours/week in one’s job.
Long-term sickness absence episodes which did not end at
31 December 2001, or which could not be recorded because
the employee left employment, were right censored.
Statistics
Survival data were plotted using SPSS life tables. The rates
of onset of long-term sickness absence and return to work
were parameterized using Transition Data Analysis (TDA,
version 6.4f). The time to onset of long-term absence was
recorded from days into weeks. The duration of long-term
sickness absence was counted in days, but to make the
calculations possible, 42 days were subtracted from the
absence duration, in order to obtain 1 as the lowest value.
We investigated the following models (Blossfeld and
Rohwer 2002):
(1) Exponential model: the hazard rate can vary with
different sets of covariates, but is assumed to be time
constant; the hazard function and survivor function
are r(t) = a, respectively G(t) = exp(-at), with t =
time and a = constant.
(2) Gompertz–Makeham model: the hazard rate increases
or decreases monotonically with time. The hazard
function is given by the expression r(t) = a ?
b exp(ct), in which a, b and c are constants and
t = time. For long durations the hazard rate declines
towards the value of parameter a (the Makeham term).
If b = 0 the model reduces to an exponential model
r(t) = a, which states the hazard rate is constant over
time. The parameter c is the shape parameter. If the
parameter c is negative, we conclude that increasing
duration of the process leads to a declining hazardrate.
If the parameter c is positive, increasing duration leads
to an acceleration of the hazard rate.
(3) Weibull model: the hazard rate increases or decreases
exponentially with time: r(t) = ba
bt
b - 1, but like the
Gompertz model, it can also be used to model
monotonically decreasing (0\b\1) or increasing
rates (b[1). An exponential model is obtained in the
special case of b = 1.
(4) Log-logistic model: this model is even more ﬂexible
than the Gompertz and Weibull distributions. The





For b B 1 the hazard rate monotonically declines
(Gompertz–Makeham) and for b[1 the hazard rate
rises monotonically to a maximum and then
decreases monotonically. Thus this model can be
used to test a monotonically declining time-depen-
dence against a non-monotonic pattern. This is the
most commonly recommended model if the hazard
rate is bell-shaped.
(5) Log-normal model: this model implies a non-mono-
tonic relationship between the hazard rate and the
duration; the hazard rate increases to a maximum and
then decreases.
(6) Generalized gamma models can be used to discrim-
inate between exponential, Weibull and log-normal
models. It has three parameters: a, b and k of which a
can take all values, but b and k must be positive.
Special cases are the exponential model, if b = 1 and
k = 1, the Weibull model if k = 1, and a log-normal
model is reached if k !1 :
Nested models are compared using the likelihood ratio
(LR) test. Under the null hypothesis that the models do not
differ the likelihood test statistic approximately follows a
v
2 distribution with m degrees of freedom where m is the
number of additionally included covariates. The LR-test
statistic is computed as two times the difference between
the log likelihoods (LL): LR = 2 [LL(present model) –
LL(reference model)].
The use of likelihood ratio tests is limited to nested
models. In order to compare non-nested models we used
the graphical methods described by Blossfeld and Roh-
wer (2002). We performed a non-parametric estimation
of a survivor function using the product limit estimation
(Kaplan and Meier 1958). Then, given a parametric
assumption, the survivor function is transformed so that
the results become a linear function that can be plotted.
If the model is appropriate, the resulting plot should be
linear and the accuracy of the ﬁt can be evaluated with
the R
2 measure. The graphical check, however, is not
possible for the Gompertz–Makeham model (unless
a = 0o rc = 0). Pseudoresiduals were also computed to
check the statistical ﬁt of the parametric models (Cox
and Snell 1968). If the model is appropriate, the pseu-
doresiduals should follow approximately a standard
exponential distribution. A plot of the logarithm of the
survivor function against the residuals should be a
straight line that passes through the origin (Blossfeld and
Rohwer 2002).
Ethical approval
Ethical approval was sought from the Medical Ethics
Committee of the University Medical Center Groningen,
who advised that according to Dutch law ethical clearance
was not required for this secondary study on sickness
absence data.
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123Results
Between 1998 and 2001, 16,433 employees (30%) had a
total of 22,159 long-term sickness absence episodes. The
majority of workers (73%; 11,923) who were long-term
absent had one episode; 21% (N = 3,495) had two epi-
sodes and 6% (N = 1,015) had three or more long-term
absence episodes.
Onset of long-term sickness absence
From the generalized gamma distributions with k = 1i t
can be seen that the exponential model and the Weibull
model give the best ﬁt (see Table 1). The Weibull model
does not have a better ﬁt than the exponential model
(LR(1) = 2, p = 0.157). The Gompertz–Makeham model
does have a better ﬁt than the exponential model:
LR(2) = 10 (p = 0.007). The negative C-parameter of the
Gompertz–Makeham model indicates a declining rate of
long-term absence with increasing duration. In Fig. 2 the
graphical checks are plotted. The plots of the exponential
and the Gompertz–Makeham models show a straight line
suggesting good ﬁts. However, the exponential model is the
simplest of the parametric alternatives, and seems a good
choice because of that simplicity.
In Fig. 3 the actual and estimated long-term absence
onset rates are presented.
Return to work
According to the likelihood tests, the Gompertz–Makeham
model (LR(2) = 7,636, p\0.001) or the Weibull model
(LR(1) = 5,288, p\0.001) give a better ﬁt for return to
work than the exponential model (Table 1). In the
Table 1 Different parametric
models for long-term absence
onset and return to work,
expressed as parameters with
standard errors (SE) and log
likelihoods (LL)
Variables Onset of long-term absence Return to work
Parameter SE LL Parameter SE LL
Exponential model
A -6.2371 0.0078 -118348 -5.3212 0.0075 -113744
Gompertz–Makeham model
A -7.4575 0.9907 -118343 -6.9978 0.0560 -109926
B -6.5326 0.3942 -4.6678 0.0123
C -0.0006 0.0003 -0.0057 0.0002
Weibull model
A -6.2497 0.0111 -118347 -5.1555 0.0110 -111100
B -0.0118 0.0073 -0.3753 0.0050
Log-logistic model
A -5.9845 0.0108 -118350 -4.4048 0.0114 -109874
B 0.0800 0.0071 0.0593 0.0061
Log-normal model
A 6.2706 0.0145 -119466 4.4031 0.0118 -109783
B 0.6969 0.0062 0.5060 0.0062
C -0.0161 0.0007 -1.0990 0.1575
Generalized gamma (k = 0.5)
A 6.2555 0.0106 -118379 5.4536 0.0108 -112045
B -0.2572 0.0075 0.2969 0.0059
Generalized gamma (k = 10)
A 6.2183 0.0126 -118489 4.6523 0.0113 -109993
B 0.4375 0.0066 0.4634 0.0055
Generalized gamma (k = 1,000)
A 6.1744 0.0132 -118676 4.4396 0.0114 -109807
B 0.5830 0.0063 0.4863 0.0054
578 Int Arch Occup Environ Health (2009) 82:575–582
123generalized gamma distribution the ﬁt increased with
increasing k. Therefore the log-normal model seems to be a
better choice to describe the data than Weibull model.
Subsequently, we compared the log-logistic, the log-nor-
mal and the Gompertz–Makeham model.
When plotting the transformed survivor function (a) and
the pseudoresiduals (b) of these functions, the best ﬁt was
found for the Gompertz–Makeham model (Fig. 4). The
pseudoresiduals in the log-logistic and the log-normal
model distribution depart from linearity in the highest
values of the residuals.
The hazard rates of the Gompertz–Makeham model and
the observed rates are plotted in Fig. 5. Figure 5 shows a
remarkable increase in the observed return to work rate at
365 days.
Discussion
Sickness absence is an important outcome measure in
epidemiologic research on public health and occupational
health intervention studies (Kivima ¨ki et al. 2003; Ruotsa-
lainen et al. 2006). The time concept is an important aspect
in sickness absence research. Studies can focus on how
long employees are absent from work, how long it takes
them to return to work when sick listed, or how long an
individual works between different sick leave spells
(Hensing 2004). Despite its importance, the time concept
has not been investigated in detail. It is known that the
probability of return to work decreases as a function of


















Fig. 2 Graphical checks of
different parametric models for
the long-term absence onset rate
with a graphical check of
distributional assumptions, and
















Fig. 3 Observed and estimated long-term absence onset rates
according to the exponential model





































R² = 0.994 R² = 0.997 a
b
Fig. 4 Graphical checks of
different parametric models for
the return to work rate with a
graphical check of distributional
assumptions and b graphical
checks of the pseudoresiduals
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123time, but the actual pattern of this duration dependence has
hardly been investigated (Joling et al. 2006).
Researchers often do not specify a parametric form of
the baseline hazard function, because they are not inter-
ested in it or have no reference as what it might look like.
The Cox regression offers a neat way to avoid this issue.
The advantage of Cox regression is that the data determine
the shape of the hazard function that best ﬁts them. The
disadvantage is that data are, as a rule, rather irregular.
Parametric models are more useful when a researcher
wants to have information what the baseline hazard func-
tion might look like.
The advantage of parametric models is that they give a
succinct summary of a large amount of data. From our
study it appeared that parametric models—in which the
hazard function is speciﬁed—were accurate in describing
the time-dependence of long-term sickness absence: the
exponential model for the time to onset of long-term
absence and the Gompertz–Makeham model for return to
work. The exponential model assumes that the hazard rate
from work to long-term sickness absence is constant over
time. In our population, the onset of long-term sickness
absence can be described by only one parameter. The
Gompertz–Makeham model assumes that the hazard rate
from long-term sickness absence to work declines mono-
tonically with time, meaning that most employees resume
work at an early stage and with increasing absence duration
the return to work rate decreases.
However, the models selected do have some shortcom-
ings. The exponential model does not help to overcome
some of the disadvantages of the Cox model: (1) the
exponential model has a constant hazard, and therefore
cannot accommodate duration dependence; (2) the expo-
nential model is a form of proportional hazards model—
hazard rate ratios from this model will be independent of
time. Also regarding the irregular shape of the observed
hazard rate in Fig. 3, it could be argued that Cox models
are as adequate for analyzing time to onset to long-term
absence as are parametric models.
The return to work rate showed an increase at 365 days
of absence. This may be an artefact, because, up to 2004,
disability pension was granted in the Netherlands after
1 year of incapacity to work. Part of the employees may be
granted a disability pension and therefore the absence
episode will be ended, and others will prefer to return to
work instead of receiving a disability pension. The Gom-
pertz–Makeham model does not provide in this increase in
the return to work rate. Since 2004 employers pay their
employees on sick leave for 2 years and the disability
pension date is moved accordingly. It is recommended to
study whether the return to work rate of long-term sickness
absence since 2004 will be different from before.
Time can be interpreted as a proxy for time-varying
causal factors of long-term sickness absence, such as the
commitment to the organization, psychosocial factors,
medical follow-up and sickness beneﬁts. Given the difﬁ-
culty of measuring these theoretically important concepts
over time, time-dependent parametric models are useful for
modelling the changes in the hazard rate over time. Based
on our results, we recommend that future sickness absence
studies address the issue of time-dependence of return to
work using parametric models.
The shape of the baseline hazard may give clues for the
ideal moment of intervention programmes aimed at
reducing long-term sickness absence. According to the
Gompertz–Makeham model of return to work, the proba-
bility of success of an intervention to stimulate return to
work decreases with the duration of sickness absence.
Joling et al. (2006) tested several types of Weibull models
of duration dependence for sickness absence. They found
positive duration dependence: the return to work rate
increased over time. We found negative duration depen-
dence: the return to work rate decreased monotonically
over time. The difference is probably due to the fact that
Joling et al. analyzed both short term absences and long-
term absences, while we focused on sickness absence
lasting longer than 6 weeks.
Using the appropriate model, it is possible to estimate
how many employees are still absent any point in time after
their sickness notice. By adding predictors to the model, it
is possible to investigate the presence of variable duration
dependence across workers. Early interventions could be
targeted to the type of workers most likely to be subject to
negative duration dependence (Joling et al. 2006). The
Gompertz–Makeham model of return to work has three
parameters (A, B and C) to which covariates can be linked.
Covariates in the B-term have an impact on the return to
work rate. Covariates in the C-term test whether these
effects increase or decrease with absence duration. The
importance and direction of the inﬂuence of covariates on
return to work ‘‘in the long run’’ is assessed by linking
covariates to the A-term.
About 27% of the long-term absentees had two or more
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Fig. 5 Observed and estimated return to work rates according to the
Gompertz–Makeham model
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123survival analysis are episodes and this lowers the standard
error of covariate estimates, as compared to an analysis
based on independent observations, increasing the possi-
bility of ﬁnding signiﬁcant effects of covariates. There are
techniques to deal with this dependence. For example, a
model accommodating multiple spells can be applied. It is
also possible to add a time-invariant unobserved hazard
rate constant speciﬁc for each individual (‘frailty models’).
It summarizes the impact of ‘omitted’ variables on the
hazard rate and can be regarded as person characteristics,
for example someone’s health status. Christensen et al.
(2007) and Joling et al. (2006) applied frailty models to
sickness absence data. Christensen et al. demonstrated that
frailty models had higher statistical power than standard
methods. Combining parametric models with frailty mod-
els may be a powerful tool in sickness absence research.
Alternatively, multi-state models may be a useful
application to sickness absence research. In multi-state
models it is possible to model individuals moving among a
ﬁnite number of stages, for example from work to sickness
absence to work disability or back to work again. Stages
can be transient or absorbing (or deﬁnite), with death being
an example of an absorbing state. To each of the possible
transitions covariates can be linked. In multi-state models
assumptions can be made about the dependence of hazard
rates on time (Putter et al. 2007; Meira-Machado et al.
2008; Lie et al. 2008).
Our results are relevant for further absence research in
which the application of parametric hazard rate models
should be encouraged. It is important to visualize the
baseline hazard and detect risk factors which are associated
with certain stages in the sickness absence process. Using
these models, groups at risk of long-term absence can be
detected and interventions can be timed in order to reduce
long-term sickness absence. The choice of a parametric
model should be theory-driven instead of data-driven. The
current study gives a promising impulse to the develop-
ment of such a theory.
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